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Abstract
Background: Modeling childhood body mass index (BMI) trajectories, versus estimating change in BMI between
specific ages, may improve prediction of later body-size-related outcomes. Prior studies of BMI trajectories are
limited by restricted age periods and insufficient use of trajectory information.
Methods: Among 3,289 children seen at 81,550 pediatric well-child visits from infancy to 18 years between 1980
and 2008, we fit individual BMI trajectories using mixed effect models with fractional polynomial functions. From
each child’s fitted trajectory, we estimated age and BMI at infancy peak and adiposity rebound, and velocity and
area under curve between 1 week, infancy peak, adiposity rebound, and 18 years.
Results: Among boys, mean (SD) ages at infancy BMI peak and adiposity rebound were 7.2 (0.9) and 49.2 (11.9)
months, respectively. Among girls, mean (SD) ages at infancy BMI peak and adiposity rebound were 7.4 (1.1) and 46.8
(11.0) months, respectively. Ages at infancy peak and adiposity rebound were weakly inversely correlated (r = -0.09). BMI
at infancy peak and adiposity rebound were positively correlated (r = 0.76). Blacks had earlier adiposity rebound and
greater velocity from adiposity rebound to 18 years of age than whites. Higher birth weight z-score predicted earlier
adiposity rebound and higher BMI at infancy peak and adiposity rebound. BMI trajectories did not differ by birth year or
type of health insurance, after adjusting for other socio-demographics and birth weight z-score.
Conclusions: Childhood BMI trajectory characteristics are informative in describing childhood body mass changes
and can be estimated conveniently. Future research should evaluate associations of these novel BMI trajectory
characteristics with adult outcomes.
Background
Childhood body mass index (BMI) predicts adulthood
obesity [1,2] and other long-term health outcomes [3-5].
But previous studies have observed weak or moderate cor-
relations (r = 0.2-0.5) between early childhood (< 7 years
of age) and adulthood BMI [6,7]. Most of these studies
[2,8-10] have used BMI at fixed ages or change in BMI
between fixed ages as predictors. This fixed-age approach
assumes that individuals in the sample belong to a homo-
geneous group with similar developmental patterns, which
seems unrealistic for childhood BMI [11]. Also, the biolo-
gical meaning of childhood BMI at a given fixed age may
differ among children who have different growth patterns
(initiation, velocity, duration, etc.) in bone, muscle, and fat
tissues. Instead, a more appealing way of examining child-
hood BMI is to model individual trajectories based on
repeated BMI measures throughout childhood. The capa-
city of childhood BMI to predict adult BMI can potentially
be improved by using a child’s BMI trajectory, in addition
to or in place of his or her BMI at specific ages.
Individual- and group-based approaches are the two
distinct methods for studying childhood BMI trajectories
in the literature. The group-based approach tries to gen-
erate several groups or classes that share overall patterns
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any medium, provided the original work is properly cited.of changes in BMI [12], BMI z-score [13], or risk of high
BMI [11] across childhood, using methods such as latent
growth mixture modeling. Despite its simplicity in sum-
marizing overall patterns, the group-based approach
requires the investigator’s subjective decisions on the
number of groups, even after optimization by statistical
software. It is also subject to arbitrary names or defini-
tions of selected groups, substantial variations in patterns
within each group, and un-satisfying generalizability (e.g.,
the number and patterns of groups often change among
new samples). Alternatively, the individual-based
approach examines the specific trajectory for each child
and then estimates informative BMI characteristics, and
thus allows for further links to individual-specific expo-
sures or health outcomes. For example, from individual-
specific trajectories, one can identify BMI milestones
including infancy peak and adiposity rebound [14-17],
and also estimate some novel features of BMI change,
such as velocity and the area under a BMI trajectory
curve. Modeling childhood BMI trajectory may reveal
stronger ties between childhood and adulthood BMI,
leading to a better rationale for childhood interventions
to prevent obesity and other health outcomes in adult-
hood. However, previous studies using the individual-
based approach are limited by restricted age periods,
such as from birth to 3 years [14] or from 2 to 18 years
[17,18]. Consequently, the full picture on correlations
between BMI milestones throughout childhood remains
unclear [14], as does their independent and interactive
impacts on long-term outcomes.
Our aims are: 1) to build parametric models to fit BMI
trajectory throughout childhood; 2) to estimate BMI tra-
jectory milestones and related characteristics; and 3) to
examine pairwise correlations and socio-demographic pre-
dictors of BMI trajectory characteristics.
Methods
Study sample
As part of the Collecting Electronic Nutrition Trajectory
Data Using e-Records of Youth (CENTURY) Study, we
extracted length/height, weight, and demographic data
from electronic medical records of well-child visits from
1980 through 2008 at Harvard Vanguard Medical Associ-
ates (HVMA), a multi-site group practice in eastern
Massachusetts. Details of the data collection methods
can be found elsewhere [19]. The study protocol was
approved by the Institutional Review Board of Harvard
Pilgrim Health Care.
Inclusion criteria
In this analysis, to assure sufficient data points for accu-
rately estimating individual-specific BMI trajectories, we
included children who had their weight and length/height
measured at a minimum of 18 visits between 1 week and
18 years. Specifically, we included children who had at
least two visits during the age interval 1 week-2.9
months, two visits during 3-7.4 months, two visits during
7.5-13.4 months, two visits during 13.5-20.9 months, one
visit during 21.0-29.9 months, one visit during 2.5-3.4
years, one visit during 3.5-4.4 years, one visit during
4.5-5.4 years, one visit during 5.5-6.4 years, three visits
during 6.5-10.4 years, one visit during 10.5-14.4 years,
and one visit during 14.5-18.0 years. We determined
these age intervals and corresponding minimum numbers
of visits based on the need form o r ed a t ap o i n t sd u r i n g
periods of fast change and around turning points [20], as
well as on schedules of preventive pediatric health care
recommended by the American Academy of Pediatrics
[21]. To be eligible, children must therefore have been
born between October 1, 1979 (and be 2.9 months on
January 1, 1980, the first date of data extraction) and
June 30, 1994 (and be 14.5 years old on December 31
st,
2008, at the end of data extraction). These criteria limited
our eligible sample to 142,346 children with 1,075,237
visits. Among them, 3,289 children (2.3%) with 81,550
visits (7.6%) met our criteria for minimum number and
timing of visits. To assess potential selection bias, we
compared demographics and birth characteristics of the
analytic sample to the excluded age-eligible sample
(139,057 children with 993,687 visits). There were no
substantial differences in sex, birth weight, or year of
birth between the two samples, but the analytic sample
contained a higher proportion of whites (71.8% vs 42.9%)
and a lower proportion of unknown race/ethnicity (15.3%
vs 37.7%) as well as lower proportion (3.9% vs 5.2%) of
Medicaid-insured children than the excluded sample
(Table 1).
Measures
At well-child visits, medical assistants measured chil-
dren’s weight and length/height according to the written
protocol of HVMA. Anthropometric equipment is cali-
brated annually at HVMA, and a master trainer con-
ducts periodic quality checks of anthropometric
measures by medical assistants. Using pediatric scales,
medical assistants measured weight without heavy
clothes and shoes, and rounded it to the nearest 0.25
pound (0.11 kg). Although the position for length mea-
sure was not documented in medical records, medical
assistants usually measured length without shoes in
recumbent position using a paper-and-pencil technique
(see below) for children younger than 24 months, and
height without shoes in standing position for those aged
24 months or older [22].
Briefly, for the paper-and-pencil technique, the child
lay supine on a piece of paper atop an examination
table. The medical assistant drew a tick mark abutting
the top of the child’s head, and then straightened the
child’s legs, flattened the child’s knees, flexed the child’s
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Page 2 of 13foot to be perpendicular to the table, and marked the
paper again at the bottom of the child’s heels. The med-
ical assistant then measured the distance between the
two marks with a flexible tape, and rounded it to the
nearest quarter inch. However, in our previous valida-
tion study among 0 to 24 month-old infants conducted
at one of the participating pediatric practice sites, we
found that the paper-and-pencil method systematically
overestimated children’s length compared with a refer-
ence method [22]. We converted our paper-and-pencil
lengths to 0.953 × length measured by paper-and-pencil
method + 1.8 cm, as estimated in the validation study
[22]. We applied this regression correction for all chil-
dren younger than 24 months, and recognize that this
universal correction might artificially introduce some
errors in a small number of children who were mea-
sured in standing position before 24 months. We calcu-
lated BMI as, weight in kilograms/(height or length in
meters)
2.
We extracted children’s race/ethnicity from medical
records, and then recoded it as non-Hispanic white,
non-Hispanic black, or other race/ethnicity including
Hispanic, Asian American, Native American, Alaskan
Native, and Native Hawaiian or other Pacific Islander.
We calculated internal z-score of birth weight as, (indi-
vidual birth weight - mean value)/standard deviation, for
boys and girls separately within the analytic sample. The
type of health insurance, Medicaid vs. non-Medicaid,
was retrieved from medical records.
Statistical analysis
We chose ages 3 months, 6 months, 1 year, 3 years, 4
years, 7 years, 11 years, and 18 years to check the nor-
mality of age-specific BMI distribution. Q-Q plots and
Kolmogorov-Smirnov tests showed that BMI was
approximately normally distributed at most of these age
points, except for some right skewness at 18 years of age
(skewness, 0.86 for boys and 0.90 for girls). So the
Table 1 Characteristics of the analytic and excluded age-eligible sample born between October 1, 1979 and June 30,
1994
Characteristic Analytic sample Excluded sample
Child-level
Total # of children 3289 139057
Sex, n (%)
Boys 1680 (51.1) 70216 (50.5)
Girls 1609 (48.9) 68841 (49.5)
Race/ethnicity, n (%)
White 2362 (71.8) 59644 (42.9)
Black 214 (6.5) 14341 (10.3)
Other 168 (5.1) 7847 (5.6)
Unknown 503 (15.3) 52443 (37.7)
Year of birth, n (%)
1979 ~ 1984 382 (11.6) 38343 (27.6)
1985 ~ 1989 1315 (40.0) 48075 (34.6)
1990 ~ 1994 1592 (48.4) 52639 (37.9)
Birth weight in grams, mean (SD) 3442 (488) 3433 (507)
Type of health insurance, %
Medicaid 129 (3.9) 7,256 (5.2)
Non-Medicaid 3160 (96.1) 131801 (94.8)
Visit-level
Total # of visits 81550 993687
Age at visit (years), n (%)
0 ~ 1 25188 (30.9) 294540 (29.6)
2 ~ 5 17501 (21.5) 215744 (21.7)
6 ~ 10 16681 (20.5) 175422 (17.7)
11 ~ 14 12974 (15.9) 164369 (16.5)
15 ~ 18 9206 (11.3) 143612 (14.5)
SD, standard deviation
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Page 3 of 13normality assumption for age-specific BMI distribution is
fairly acceptable in this sample.
We performed the main data analysis in three steps:
modeling BMI trajectory, estimating trajectory charac-
teristics, and examining correlations and predictors of
trajectory characteristics. Given the well-known sex dif-
ferences [23] in childhood growth, we conducted steps 1
and 2 among boys and girls separately.
Step I
We used a fractional polynomial approach to model child-
hood BMI trajectory as a function of age [24,25]. Briefly,
the expected value of BMI was modeled as
E(BMI)=b0 +
m 
j=1
bjAgepj,w h e r em i st h ed e g r e eo ft h e
model, and powers pj are selected from a fixed set of 8
candidate values, including -2, -1, -0.5, 0 or log, 0.5, 1, 2,
and 3. To enhance the model interpretability and also
reduce computational burden, we simplified the original
fractional polynomial method by excluding duplicated
powers. Since most children had two milestones or turn-
ing points, infancy peak and adiposity rebound, we set the
minimum model degree m = 3. Accordingly, we consid-
ered 219 candidate models, including 56 models of 3
rd-
degree, 70 models of 4
th-degree, 56 models of 5
th-degree,
28 models of 6
th-degree, 8 models of 7
th-degree, and
1 model of 8
th-degree (Table 2).
We fit BMI trajectories with mixed effect models [26],
specifying fixed effects of each fractional polynomial term,
reflecting the population-average trend, and random
effects of each term per child, modeling the deviation of
each child from the population-average. We applied a
two-stage method [27] to select optimal mean and residual
variance-covariance structures: first we used the most
complex mean structure (m = 8, the model with all 8 can-
didate powers) to select the best variance-covariance
structure from 8 candidates (autoregressive, spatial power,
compound symmetry, heterogeneous, toeplitz, heteroge-
neous toeplitz, unstructured, and variance components);
and then fixed this best variance-covariance structure to
select the best mean structure from the 219 candidate
models mentioned above. We used the Bayesian informa-
tion criterion (BIC) [28] to make this selection.
We calculated individual-specific BMI trajectories by
combining the estimated fixed effects, which are shared
by all subjects within sex, with the predicted random
effects, which are specific to each individual. This results
in a unique predicted trajectory for each subject. To
assess the goodness of fit for each individual BMI trajec-
tory, we first calculated the residual between the
observed BMI and the estimated individual-specific BMI
trajectory, and then used these residuals to calculate the
residual BMI variance for each child (note that a smaller
value implies a better fit).
Step II
In this analysis, we were interested in ages and BMI
values at two BMI trajectory milestones: infancy peak
and adiposity rebound. We also estimated several other
Table 2 Mixed effect models with the best fractional polynomial function for childhood BMI trajectory, by model
degree
a
Degree No. of candidate models Included age terms in the mixed effect model with the best
fractional polynomial function
Goodness of fit (smaller is
better)
b
Age
(-2) Age
(-1) Age
(-0.5) log(Age) Age
0.5 Age Age
2 Age
3 -2 Log likelihood BIC
Boys (N = 1,680)
3 rd degree 56 × × × 150196 150218
4th degree 70 × × × × 149688 149710
5th degree 56 × × × × × 147836 147858
6th degree 28 × × × × × × 148889 148911
7th degree 8 × × × × × × × 161668 161690
8th degree 1 × × × × × × × × 166173 166181
Girls (N = 1,609)
3 rd degree 56 × × × 141787 141809
4th degree 70 × × × × 139990 140012
5th degree 56 × × × × × 138131 138153
6th degree 28 × × × × × × 140079 140101
7th degree 8 × × × × × × × 152402 152424
8th degree 1 × × × × × × × × 156241 156248
BIC, Bayesian information criterion
a Data from 3,289 children with at least 18 well-child visits from age 1 week to 18 years
b The best-fitting models are in bold font
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stones, including age difference, change in BMI, velocity
(linear rate of change in BMI), and area under curve
(AUC) from 1 week to infancy peak, from infancy peak
to adiposity rebound, and from adiposity rebound to 18
years of age. Figure 1 shows the key characteristics of
BMI trajectory for a hypothetical child.
Based on the reported means and standard deviations
(SD) of BMI trajectory milestones, or turning points on
BMI curves, in the existing literature [14,17], we defined
their hypothetical age intervals as within 3 SD of from the
mean: 3 to 17 months for infancy peak and 15 months to
9.5 years for adiposity rebound. Because of the relatively
small sample size in previous studies, we combined both
sexes for these age intervals, to assure a large probability
of identifying plausible BMI milestones. Then we divided
age from 1 week to 18 years into 8,632 evenly spaced
“minor” points 0.025 months (about 1 day) apart. We then
estimated the velocity at each of these points by taking the
first derivative of the individual-specific BMI trajectory
curve. The criteria for existence of a milestone within the
corresponding age interval were that two consecutive
minor age points had opposite signs of the first derivative
[14]: for infancy peak, the derivative at minor point k > 0
and point k + 1 < 0; for adiposity rebound, derivative at k
< 0 and at k + 1 > 0. Within each pair of consecutive ages
meeting the criteria above, the minor point with derivative
closer to zero was designated the age at the milestone.
Note that some children did not have both BMI mile-
stones: infancy peak did not exist for 2 girls, while adipos-
ity rebound did not exist for 37 boys and 62 girls. This
occurs when the individual-specific curves lack a local
maximum (infancy peak) or a local minimum (adiposity
rebound) in the specified age ranges.
The predicted BMI (i.e., the point on the curve) at the
minor age point identified is the basis for our BMI trajec-
tory measures. We calculated the linear BMI velocity
(defined as ‘difference in BMI/difference in age’) for three
time periods: between 1 week of age and infancy peak,
between infancy peak and adiposity rebound, and between
adiposity rebound and 18 years of age. If BMI values at
1 week and 18 years of age were not observed at well-child
visits, they were estimated from the fit individual-specific
BMI trajectory models instead. The area under curve was
estimated as the definite integral between the two age
points. The SAS code used in Step II is available upon
request.
Step III
We calculated pairwise Pearson correlation among pairs
of BMI trajectory characteristics. Multivariable linear
regression was used to examine predictors of the BMI
trajectory characteristics; predictors included the child’s
sex, race/ethnicity, year of birth, z-score of birth weight,
and the type of health insurance. Modeling was per-
formed within a sub-sample with complete data on all
these predictors.
10
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22
0 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18
AUC2
Infancy peak (AgeIP, BMIIP)
18 years (BMI18 y)
AUC3
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(AgeAR, BMIAR)
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Velocity3
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1 week (BMI1w)
Figure 1 Selected characteristics for the BMI trajectory of a hypothetical child.V e l o c i t y 1 between 1 week and infancy peak, Velocity2
between infancy peak to adiposity rebound, Velocity3 between adiposity rebound and 18 years of age. Area under curve (AUC1) between 1
week and infancy peak, AUC2 between infancy peak to adiposity rebound, AUC3 between adiposity rebound and 18 years of age. Note that the
AUC below BMI value of 10 was not shown.
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Sample characteristics
Table 1 shows characteristics of the analytic sample.
Among the 3,289 children, 51.1% were boys; 71.8% non-
Hispanic whites, 6.5% non-Hispanic blacks, 5.1% other
race/ethnicity and 15.3% unknown race/ethnicity; 48.4%
were born after 1990; the mean number of visits was 25
(range, 18 to 93). Among the total of 81,550 visits, over
half occurred before 6 years of age.
Models for BMI trajectory
Among the 8 candidate variance-covariance structures,
t h ea u t o r e g r e s s i v es t r u c t u r eh a dt h el o w e s tB I Ci nt h e
model 8 candidate polynomials, and was thus chosen for
further selection of the best mean structure from the
219 candidate models. The mean of BIC values of these
candidate models was 168,029 (SD, 7,841) for boys, and
158,490 (SD, 8,006) for girls. Table 2 shows goodness of
fit for the best models by degree. For boys, the best
model (lowest BIC) was “BMI = 96.8 - 3.6*Age
(-2) +
51.0*Age
(-1) -1 3 4 . 9 * A g e
(-0.5) - 24.4*ln(Age) + 4.6*Age
0.5,
a n df o rg i r l si tw a s“BMI = 90.8 - 3.2*Age
(-2) +
47.0*Age
(-1) -1 2 5 . 4 * A g e
(-0.5) - 22.7*ln(Age) + 4.3*Age
0.5.
Overall, these two 5
th-degree models fit BMI trajectories
of most children with reasonable accuracy, according to
the distribution of residual BMI variances: inter-quartile
range 0.49-1.18 BMI units for boys and 0.51-1.15 for
girls (Figure 2). Figure 3 shows observed BMI values
and individual-specific fitted BMI trajectories of 8 chil-
dren randomly selected within quartile of residual BMI
variance by sex.
BMI trajectory characteristics and their correlations
Table 3 shows means and medians of BMI trajectory
characteristics. The mean age at infancy BMI peak was
7.2 months for boys and 7.4 months for girls; the mean
BMI at infancy peak was 17.8 kg/m
2 for boys and
17.3 kg/m
2 for girls. The mean age at adiposity rebound
was 49.2 months for boys and 46.8 months for girls; the
mean BMI at adiposity rebound was 15.6 kg/m
2 for
boys and 15.5 kg/m
2 for girls.
Table 4 shows pairwise correlations between BMI trajec-
tory characteristics. For simplicity, we only report correla-
tions among the total sample, because stratification
analysis by child sex did not yield considerable differences.
Overall, the within-period correlations were stronger than
between-period correlations. Age at infancy peak was
weakly inversely correlated with age at adiposity rebound
(r = -0.09). BMI at infancy peak and at adiposity rebound
were strongly positively correlated (r = 0.76). BMI velocity
and AUC from 1 week to infancy peak were weakly corre-
lated with those from infancy peak to adiposity rebound
(r = -0.27 for velocity, r = 0.01 for AUC) and with those
from adiposity rebound to age 18 years (r = -0.02 for velo-
city, r = 0.28 for AUC). In contrast, BMI velocity (r = 0.40)
and AUC (r = -0.87) from infancy peak to adiposity
rebound were moderately or strongly correlated with
those from adiposity rebound to age 18 years.
Predictors of BMI trajectory characteristics
Table 5 shows the adjusted associations between BMI tra-
jectory characteristics and their predictors from multivari-
able linear regression models. On average, girls had older
age and lower BMI at infancy peak, but younger age at
adiposity rebound, than boys. Girls had smaller velocity
from 1 week to infancy peak (increase). Girls had smaller
velocity (decrease) and smaller AUC from infancy peak to
adiposity rebound. Non-Hispanic blacks had younger age
at adiposity rebound, smaller AUC from infancy peak to
adiposity rebound, but greater AUC and velocity from
adiposity rebound to 18 years of age, than non-Hispanic
whites. Greater z-score of birth weight was associated with
younger age at adiposity rebound; higher BMI at both
infancy peak and adiposity rebound; smaller velocity from
1 week to infancy peak; greater AUC from 1 week to
infancy peak and from adiposity rebound to 18 years of
age. BMI trajectory characteristics did not differ consider-
ably by the three intervals of birth year, 1979-1984, 1985-
1989, and 1990-1994, or the two types of health insurance,
Medicaid and non-Medicaid.
Discussion
Using repeated growth measures from well-child visits, we
fit childhood BMI trajectory from 1 week to 18 years of
age and estimated BMI trajectory milestones and related
characteristics. The majority of BMI trajectory characteris-
tics were correlated with each other. Some BMI trajectory
characteristics, including age and BMI at infancy peak and
adiposity rebound, varied substantially by children’ss e x ,
race/ethnicity, and z-score of birth weight, but there was
little evidence of cohort effects.
BMI trajectory characteristics
We were able to estimate infancy BMI peak and adiposity
rebound for most children. To the best of our knowledge,
the present study is the first one to propose the period-
specific AUC to characterize childhood BMI trajectory.
We think this novel measure can reflect the child’s cumu-
lative “exposure” to excessive body weight; and its poten-
tial role in predicting later obesity and obesity-related
diseases warrants further research.
One important but unanswered question in BMI trajec-
tory literature is the extent of correlations among BMI tra-
jectory milestones [14]. Our analysis showed that the
majority of BMI trajectory characteristics were moderately
or strongly correlated with each other. These correlations
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growth is an inherently continuous process: the higher
BMI is at infancy peak, the higher it will be at adiposity
rebound. Second, the force of ‘regression to mean’ inhibits
too extreme growth: the greater the velocity from 1 week
to infancy peak, the lower the velocity from infancy peak
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Figure 2 Distribution of residual BMI variance (a measure for goodness of fit) among 3,289 children from 1 week to 18 years of age.
Lower residual BMI variance indicates a better fit of an individual’s data points to the individual-specific model. A) Among 1,680 boys, B) Among
1,609 girls.
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variance indicates a better fit of an individual’s data points to the individual-specific model. A) 1
st quartile - a boy (residual BMI variance = 0.21),
B) 2
nd quartile - a boy (0.60), C) 3
rd quartile - a boy (1.08), D) 4
th quartile - a boy (1.26), E) 1
st quartile - a girl (0.23), F) 2
nd quartile - a girl (0.69),
G) 3
rd quartile - a girl (0.85), H) 4
th quartile - a girl (1.59).
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Page 8 of 13to adiposity rebound. This multicollinearity can pose a
challenge for separating the independent effects of these
BMI trajectory characteristics on adult outcomes.
However, the magnitude of correlations between BMI tra-
jectory characteristics estimated in our study should be
interpreted cautiously, because we did not observe the
Table 3 Means and medians of childhood BMI trajectory characteristics, by sex
Boys (N = 1,680) Girls (N = 1,609)
BMI trajectory characteristics n
a Mean (SD) Median (range) n
b Mean (SD) Median (range)
1 week to infancy peak
Age at infancy peak, months 1680 7.2 (0.9) 7.1 (3.9, 12.5) 1607 7.4 (1.1) 7.3 (3.3, 14.2)
BMI at infancy peak, kg/m
2 1680 17.8 (0.9) 17.7 (15.0, 20.6) 1607 17.3 (0.9) 17.2 (14.5, 20.3)
Change in BMI, kg/m
2 1680 10.7 (5.4) 10.7 (-8.2, 30.8) 1607 8.5 (5.1) 8.2 (-12.6, 28.1)
Velocity, kg/m
2/month 1680 1.58 (0.82) 1.57 (-1.31, 5.10) 1607 1.21 (0.75) 1.15 (-1.50, 5.65)
Area under curve (kg/m
2-months) 1680 114 (18) 112 (60, 207) 1607 116 (21) 113 (45, 242)
Infancy peak to adiposity rebound
Age at adiposity rebound, months 1643 49.2 (11.9) 50.0 (24.0, 84.2) 1547 46.8 (11.0) 47.1 (24.1, 85.3)
BMI at adiposity rebound, kg/m
2 1643 15.6 (1.3) 15.5 (11.9, 19.9) 1547 15.5 (1.2) 15.4 (11.8, 19.4)
Age difference, months 1643 42.0 (12.0) 42.8 (14.2, 76.7) 1547 39.4 (11.2) 40.0 (14.0, 77.0)
Change in BMI, kg/m
2 1643 -2.2 (0.8) -2.2 (-4.7, -0.2) 1547 -1.8 (0.7) -1.9 (-4.0, -0.2)
Velocity, kg/m
2/month 1643 -0.05 (0.01) -0.05 (-0.08, -0.01) 1547 -0.04 (0.01) -0.05 (-0.08, -0.01)
Area under curve (kg/m
2-months) 1643 680 (182) 690 (251, 1332) 1547 629 (170) 633 (239, 1301)
Adiposity rebound to age 18 years
Change in BMI, kg/m
2 1643 8.3 (3.0) 7.5 (2.9, 20.0) 1547 8.1 (2.6) 7.5 (2.6, 18.8)
Velocity, kg/m
2/month 1643 0.02 (0.01) 0.02 (0.00, 0.05) 1547 0.02 (0.01) 0.02 (0.00, 0.05)
Area under curve (kg/m
2-months) 1643 3206 (590) 3115 (2010, 4985) 1547 3213 (534) 3139 (2008, 4725)
BMI, body mass index; SD, standard deviation
a 37 boys had no adiposity rebound
b 2 girls had no infancy peak and 62 girls had no adiposity rebound
Table 4 Correlation matrix of childhood BMI trajectory characteristics (N = 3,289)
1 week to infancy peak Infancy peak to adiposity rebound Adiposity rebound to age 18
years
Parameters 1 2 3 4 5 6 7 8 9 10 11 12 13
1 week to infancy peak
1 Age at infancy peak, months
2 BMI at infancy peak, kg/m
2 0.39
3 Change in BMI, kg/m
2 -0.03 0.45
4 Velocity, kg/m
2/month -0.25 0.34 0.96
5 Area under curve (kg/m
2-months) 0.96 0.63 0.07 -0.14
Infancy peak to adiposity rebound
6 Age at adiposity rebound, months -0.09 0.15 0.12 0.11 -0.08
7 BMI at adiposity rebound, kg/m
2 0.59 0.76 0.26 0.13 0.76 -0.48
8 Age difference, months -0.17 0.12 0.13 0.13 -0.16 0.99 -0.53
9 Change in BMI, kg/m
2 0.46 0.01 -0.13 -0.20 0.42 -0.91 0.66 -0.94
10 Velocity, kg/m
2/month 0.84 0.23 -0.10 -0.27 0.79 -0.54 0.71 -0.61 0.82
11 Area under curve (kg/m
2-months) -0.06 0.33 0.21 0.19 0.01 0.98 -0.32 0.97 -0.87 -0.51
Adiposity rebound to age 18 years
12 Change in BMI, kg/m
2 -0.10 -0.18 -0.07 -0.01 -0.09 -0.94 0.38 -0.93 0.79 0.38 -0.93
13 Velocity, kg/m
2/month -0.08 -0.18 -0.07 -0.02 -0.07 -0.95 0.39 -0.93 0.80 0.40 -0.93 0.99
14 Area under curve (kg/m
2-months) 0.22 0.16 0.03 0.00 0.28 -0.94 0.71 -0.95 0.91 0.64 -0.87 0.91 0.92
Strong correlations (|r| ≥ 0.5) are bold
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Page 9 of 13Table 5 Predictors of BMI trajectory characteristics, from multivariable linear regression models that include all covariates in the table
Mean difference in the BMI trajectory characteristic (95% confidence interval)
Girls(vs boys) Race/ethnicity (vs white) Year of birth (vs 1979 ~ 1984) Z-score of birth weight Medicaid (vs non-Medicaid)
BMI trajectory characteristics n
a Black Other 1985 ~ 1989 1990 ~ 1994
1 week to infancy peak
Age at infancy peak, months 2128 0.2 (0.2, 0.3) -0.1 (-0.2, 0.1) -0.1 (-0.3, 0.0) 0.0 (-0.2, 0.1) 0.0 (-0.1, 0.2) 0.0 (0.0, 0.1) 0.1 (-0.1, 0.4)
BMI at infancy peak, kg/m
2 2128 -0.5 (-0.6, -0.4) 0.0 (-0.2, 0.1) 0.0 (-0.1, 0.2) 0.2 (0.0, 0.3) 0.1 (0.0, 0.3) 0.2 (0.2, 0.3) 0.1 (-0.1, 0.3)
Change in BMI, kg/m
2 2128 -2.2 (-2.6, -1.7) -0.1 (-0.9, 0.6) 0.3 (-0.5, 1.0) 0.7 (0.1, 1.4) 0.2 (-0.5, 0.9) -1.4 (-1.7, -1.2) -0.3 (-1.4, 0.8)
Velocity, 10
-2 kg/m
2/month 2128 -35.4 (-41.7, -29.1) -0.5 (-12.6, 11.5) 7.1 (-4.9, 19.1) 12.9 (2.7, 23.2) 3.1 (-7.1, 13.2) -21.4 (-24.6, -18.2) -7.1 (-23.8, 9.5)
Area under curve (kg/m
2-months) 2128 1 (0, 3) 0 (-3, 3) -2 (-5, 1) 1 (-2, 3) 2 (-1, 4) 3 (2, 3) 3 (-1, 7)
Infancy peak to adiposity rebound
Age at adiposity rebound, months 2063 -2.1 (-3.0, -1.1) -3.3 (-5.3, -1.3) -1.6 (-3.5, 0.3) 0.1 (-1.5, 1.6) -0.2 (-1.8, 1.4) -0.6 (-1.1, -0.1) -1.9 (-4.5, 0.8)
BMI at adiposity rebound, kg/m
2 2063 -0.1 (-0.2, 0.0) 0.2 (0.0, 0.4) 0.0 (-0.2, 0.2) 0.2 (0.0, 0.3) 0.2 (0.0, 0.3) 0.3 (0.3, 0.4) 0.3 (0.0, 0.6)
Age difference, months 2063 -2.3 (-3.3, -1.3) -3.2 (-5.2, -1.2) -1.4 (-3.4, 0.5) 0.1 (-1.5, 1.7) -0.2 (-1.8, 1.4) -0.6 (-1.1, -0.1) -2.0 (-4.7, 0.7)
Change in BMI, kg/m
2 2063 0.3 (0.3, 0.4) 0.2 (0.0, 0.3) 0.0 (-0.1, 0.2) 0.0 (-0.1, 0.1) 0.0 (-0.1, 0.1) 0.1 (0.0, 0.1) 0.2 (0.0, 0.4)
Velocity, 10
-2 kg/m
2/month 2063 0.6 (0.5, 0.7) 0.1 (-0.1, 0.2) -0.1 (-0.2, 0.1) 0.0 (-0.2, 0.1) 0.0 (-0.1, 0.2) 0.1 (0.0, 0.1) 0.2 (0.0, 0.4)
Area under curve (kg/m
2-months) 2063 -46 (-61, -31) -48 (-78, -18) -25 (-53, 4) 7 (-17, 31) 1 (-23, 25) 1 (-7, 9) -24 (-65, 16)
Adiposity rebound to age 18 years
Change in BMI, kg/m
2 2063 -0.3 (-0.5, 0.0) 0.9 (0.4, 1.4) 0.4 (0.0, 0.9) 0.1 (-0.3, 0.5) 0.1 (-0.3, 0.5) 0.1 (0.0, 0.2) 0.4 (-0.2, 1.1)
Velocity, 10
-2 kg/m
2/month 2063 -0.1 (-0.1, 0.0) 0.3 (0.1, 0.4) 0.1 (0.0, 0.3) 0.0 (-0.1, 0.1) 0.0 (-0.1, 0.1) 0.0 (0.0, 0.1) 0.1 (-0.1, 0.3)
Area under curve (kg/m
2-months) 2063 -6 (-55, 42) 162 (65, 258) 70 (-23, 163) 32 (-47, 110) 44 (-34, 121) 70 (45, 94) 115 (-15, 246)
a Sample size reduced due to missing data on race/ethnicity (15.3%) and birth weight (22.7%)
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3characteristics directly, but estimated these characteristics
from the same fitted BMI trajectory.
In our cohort, boys and girls had different BMI trajec-
tories and best-fitting models. In line with a previous
study [14] and CDC 2000 growth charts, we found that
girls were older and had lower BMI at infancy peak, and
earlier adiposity rebound. These sex differences may be
explained by genetics, growth or sexual hormones, diet,
or physical activity levels. One of our novel findings is
the racial/ethnic-differences in BMI trajectory character-
istics. Compared to their white peers, non-Hispanic
black children had BMI trajectory profiles that may be
associated with higher risk of later obesity, including
younger age at adiposity rebound [17], and larger velo-
city and greater AUC from adiposity rebound to 18
years of age. However, these racial differences should be
interpreted with caution, given insufficient control of
socio-economic status other than the type of health
insurance. Consistent with the literature [14], we found
that birth weight was a strong predictor for most BMI
trajectory characteristics. Overall there were no substan-
tial changes in BMI trajectory characteristics with year
of birth, after controlling for other socio-demographics
and z-score of birth weight. This suggests that child-
hood BMI trajectory was fairly stable across the ana-
lyzed years in our cohort.
Modeling childhood BMI trajectory
Generally, there are two broad types of methods to esti-
mate childhood BMI trajectory milestones: visualization
and modeling [29]. Simple visualization was first used in
early studies to determine adiposity rebound as the visual
nadir or the point with the lowest BMI [30-32]. Although
straightforward and convenient, the age at adiposity
rebound estimated by simple visualization is quite arbi-
trary, especially for children with a flat valley around the
nadir, and thus subject to large inter-observer variation.
Instead, several recent studies [14,17,18,33-36] have
used statistical modeling to identify BMI trajectory mile-
stones more objectively. Commonly, researchers select
reasonable combinations of polynomial age terms to fit
ordinary regression models within each child [17,18,35],
or mixed effect models [14,33,34] among a group of chil-
dren. Ordinary regression models require many data
points for each child; their estimates are unbiased, but
are often subject to large variability. In contrast, mixed
effect models need fewer data points for each child and
yield more stable estimates, although the estimates may
be a little biased, especially for those with very few data
points. A study comparing simple regression with mixed
effect model for the same sample [36] found estimated
BMI values at adiposity rebound were similar between
them but estimated ages at adiposity rebound differed.
One common limitation of the existing studies [14,17] is
that they only modeled a segment of childhood. Our novel
contribution is developing a good parametric model for
BMI trajectory throughout childhood, from 1 week to
18 years of age. Alternatively, some researchers use semi-
parametric modeling [14,37], such as cubic and linear
spline models, to fit childhood BMI trajectory. Cubic
spline models are more flexible and thus may fit the data
better than our fractional polynomial models, but they
require arbitrary decisions on the number and locations of
age ‘knots’, carry the potential for undesirable multiple
infancy peaks and adiposity rebound points, and have lim-
ited generablizability of their fitted models due to heavy
data-dependence [38,39]. Taken together, all current
methods have both advantages and disadvantages. Our
method can meet the high need of accurate milestone esti-
mates and is flexible for various study populations and
data structures, including missing data and non-fixed age
of follow-ups; but it requires a large enough sample to
build stable mixed effect models and strong statistical
skills. We also note that, although the overall best-fitting
fractional polynomial function for the total sample is not
necessarily optimal for each individual, it is robust and
a p p r o p r i a t ee s p e c i a l l yf o rt h o s ec h i l d r e nw i t ho n l yaf e w
repeated BMI measures.
Study strengths
Our study has several strengths. First, the large original
dataset yielded a large analytic sample that met our strict
eligibility criteria. Second, the small individual-level resi-
dual BMI variance supported the applicability of our
selected fractional models for most children. Third, our
methods can help researchers estimate novel BMI trajec-
tory characteristics conveniently with common statistical
s o f t w a r e( e . g .S A S ,R ,a n dS T A T A ) .A san e x ts t e p ,w e
plan to develop user-friendly software to make our model-
ing and estimating process more convenient for general
researchers and clinicians.
Study limitations
Our study also had several limitations. One limitation is
the quality of the clinical weight and height measures,
although the use of a written protocol, annual scale cali-
bration, periodic quality assurance, and mathematical
correction for error in length measures under 2 years of
age likely reduced measurement errors. In addition, we
included only a small proportion of the total sample in
the final analysis, and this sample seemed to differ from
the excluded sample in race/ethnicity and type of health
insurance. The over-representation of white children in
the analytic sample makes our estimated BMI trajectory
characteristics and possibly the best-fitting models less
generalizable to racial/ethnic minorities. Our study
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Page 11 of 13population was from one multi-site pediatric practice in
eastern Massachusetts. We did not validate our best-fit-
ting models in an external population. Thus our best-fit-
ting models and estimated means and SD for BMI
trajectory characteristics may not be generalizable to
other populations. But our methods for modeling child-
hood BMI trajectory and estimating BMI trajectory char-
acteristics can be broadly used in other studies.
Therefore, we recommend other researchers first select
the best-fitting models for BMI trajectories in their own
samples, and then estimate the corresponding BMI tra-
jectory characteristics, rather than use our best-fitting
model and estimated coefficients. Finally, our estimated
associations between BMI trajectory characteristics and
their predictors from multivariable regression models
might be biased, as we did not adjust for some important
potential confounders, such as parents’ weight and height
as well as family socio-economic status (except the type
of child health insurance).
Conclusions
Our mixed effect models with fractional polynomial
functions fit childhood BMI trajectories well for most
children seen at well-child visits in this sample. Using
our method, one can conveniently estimate BMI trajec-
tory milestones and related characteristics with reason-
able accuracy. Future research should evaluate the
independent and interactive roles of these novel BMI
characteristics on later outcomes. Moreover, prenatal
and early-life determinants of these BMI trajectory char-
acteristics also warrant further investigation.
Abbreviations
BMI: Body mass index; CI: Confidence interval; SD: Standard deviation;
CENTURY: Collecting Electronic Nutrition Trajectory Data Using e-Records of
Youth; HVMA: Harvard Vanguard Medical Associates; AUC: Area under curve.
Acknowledgements
This work was supported in part by The Centers for Disease Control and
Prevention, the National Center for Chronic Disease Prevention and Health
Promotion (NCCDPHP) (Contract No. 200-2008-M-26882). This work is solely
the responsibility of the authors and does not represent official views of The
CDC. This study was also supported by a grant from the National Center on
Minority Health and Health Disparities (MD 003963) and a grant from the
National Institutes of Health (K24 HL 68041).
Authors’ contributions
XW contributed to the development of study aims, led the analytic plan,
conducted all data analyses, and wrote the manuscript. KK contributed to
the development of study aims and the analytic plan, guided data analysis,
and co-wrote the manuscript. MWG contributed to the development of
study aims and the analytic plan; interpreted the results; and made major
contributions to revising the manuscript. SLR prepared the dataset, checked
SAS programming, and revised manuscript. EMT was the principal
investigator of this study; and contributed to the development of the study
aims and the analytic plan, result interpretation, and revision of the
manuscript. All authors read and approved the final manuscript.
XW has full access to the data and takes responsibility for the integrity of
the data and the accuracy of the data analysis.
Competing interests
The authors declare that they have no competing interests.
Received: 3 August 2011 Accepted: 29 March 2012
Published: 29 March 2012
References
1. Guo SS, Wu W, Chumlea WC, Roche AF: Predicting overweight and
obesity in adulthood from body mass index values in childhood and
adolescence. Am J Clin Nutr 2002, 76:653-658.
2. Whitaker RC, Wright JA, Pepe MS, Seidel KD, Dietz WH: Predicting obesity
in young adulthood from childhood and parental obesity. N Engl J Med
1997, 337:869-873.
3. Raitakari OT, Juonala M, Kahonen M, Taittonen L, Laitinen T, Maki-Torkko N,
Jarvisalo MJ, Uhari M, Jokinen E, Ronnemaa T, et al: Cardiovascular risk
factors in childhood and carotid artery intima-media thickness in
adulthood: the Cardiovascular Risk in Young Finns Study. JAMA 2003,
290:2277-2283.
4. Barker DJ, Osmond C, Forsen TJ, Kajantie E, Eriksson JG: Trajectories of
growth among children who have coronary events as adults. N Engl J
Med 2005, 353:1802-1809.
5. Janssen I, Katzmarzyk PT, Srinivasan SR, Chen W, Malina RM, Bouchard C,
Berenson GS: Utility of childhood BMI in the prediction of adulthood
disease: comparison of national and international references. Obes Res
2005, 13:1106-1115.
6. Casey VA, Dwyer JT, Coleman KA, Valadian I: Body mass index from
childhood to middle age: a 50-y follow-up. Am J Clin Nutr 1992, 56:14-18.
7. Freedman DS, Khan LK, Serdula MK, Dietz WH, Srinivasan SR, Berenson GS:
The relation of childhood BMI to adult adiposity: the Bogalusa Heart
Study. Pediatrics 2005, 115:22-27.
8. Monteiro PO, Victora CG: Rapid growth in infancy and childhood and
obesity in later life-a systematic review. Obes Rev 2005, 6:143-154.
9. Law CM, Shiell AW, Newsome CA, Syddall HE, Shinebourne EA, Fayers PM,
Martyn CN, de Swiet M: Fetal, infant, and childhood growth and adult
blood pressure: a longitudinal study from birth to 22 years of age.
Circulation 2002, 105:1088-1092.
10. Power C, Lake JK, Cole TJ: Body mass index and height from childhood
to adulthood in the 1958 British born cohort. Am J Clin Nutr 1997,
66:1094-1101.
11. Li C, Goran MI, Kaur H, Nollen N, Ahluwalia JS: Developmental trajectories
of overweight during childhood: role of early life factors. Obesity (Silver
Spring) 2007, 15:760-771.
12. Pryor LE, Tremblay RE, Boivin M, Touchette E, Dubois L, Genolini C, Liu X,
Falissard B, Cote SM: Developmental trajectories of body mass index in
early childhood and their risk factors: an 8-year longitudinal study. Arch
Pediatr Adolesc Med 2011, 165:906-912.
13. Smith AJ, O’Sullivan PB, Beales DJ, de Klerk N, Straker LM: Trajectories of
childhood body mass index are associated with adolescent sagittal
standing posture. Int J Pediatr Obes 2011, 6:e97-106.
14. Silverwood RJ, De Stavola BL, Cole TJ, Leon DA: BMI peak in infancy as a
predictor for later BMI in the Uppsala Family Study. Int J Obes (Lond)
2009, 33:929-937.
15. Rolland-Cachera MF, Deheeger M, Bellisle F, Sempe M, Guilloud-Bataille M,
Patois E: Adiposity rebound in children: a simple indicator for predicting
obesity. Am J Clin Nutr 1984, 39:129-135.
16. Rolland-Cachera MF, Deheeger M, Guilloud-Bataille M, Avons P, Patois E,
Sempe M: Tracking the development of adiposity from one month of
age to adulthood. Ann Hum Biol 1987, 14:219-229.
17. Guo SS, Huang C, Maynard LM, Demerath E, Towne B, Chumlea WC,
Siervogel RM: Body mass index during childhood, adolescence and
young adulthood in relation to adult overweight and adiposity: the Fels
Longitudinal Study. Int J Obes Relat Metab Disord 2000, 24:1628-1635.
18. Siervogel RM, Roche AF, Guo SM, Mukherjee D, Chumlea WC: Patterns of
change in weight/stature2 from 2 to 18 years: findings from long-term
serial data for children in the Fels longitudinal growth study. Int J Obes
1991, 15:479-485.
19. Kim J, Peterson KE, Scanlon KS, Fitzmaurice GM, Must A, Oken E, Rifas-
Shiman SL, Rich-Edwards JW, Gillman MW: Trends in overweight from
1980 through 2001 among preschool-aged children enrolled in a health
maintenance organization. Obesity (Silver Spring) 2006, 14:1107-1112.
Wen et al. BMC Medical Research Methodology 2012, 12:38
http://www.biomedcentral.com/1471-2288/12/38
Page 12 of 1320. Cole TJ, Freeman JV, Preece MA: British 1990 growth reference centiles
for weight, height, body mass index and head circumference fitted by
maximum penalized likelihood. Stat Med 1998, 17:407-429.
21. Hagan JF, Shaw JS, Duncan PM: Bright Futures: Guidelines for Health
Supervision of Infants, Children and Adolescents. 3 edition. Elk Grove Village,
IL: American Academy of Pediatrics; 2008.
22. Rifas-Shiman SL, Rich-Edwards JW, Scanlon KS, Kleinman KP, Gillman MW:
Misdiagnosis of overweight and underweight children younger than 2
years of age due to length measurement bias. MedGenMed 2005, 7:56.
23. Kuczmarski RJ, Ogden CL, Grummer-Strawn LM, Flegal KM, Guo SS, Wei R,
Mei Z, Curtin LR, Roche AF, Johnson CL: CDC growth charts: United
States. Adv Data 2000, 8:1-27.
24. Royston P, Altman DG: Regression using fractional polynomials of
continuous covariates: parsimonious parametric modelling. Appl Stat-J R
Stat Soc 1994, 43:429-467.
25. Royston P, Wright EM: How to construct ‘normal ranges’ for fetal
variables. Ultrasound Obstet Gynecol 1998, 11:30-38.
26. Littell RC, Milliken GA, Stroup WW, Wolfinger RD, Schabenberger O: SAS for
Mixed Models. 2 edition. Cary, NC: SAS Institute Inc.; 2006.
27. Wolfinger RD: Covariance structure selection in general mixed models.
Comm Stat Simulat Comput 1993, 22:1079-1106.
28. Schwarz GE: Estimating the dimension of a model. Ann Stat 1978,
6:461-464.
29. Rolland-Cachera MF, Deheeger M, Maillot M, Bellisle F: Early adiposity
rebound: causes and consequences for obesity in children and adults.
Int J Obes (Lond) 2006, 30(Suppl 4):S11-S17.
30. Sachdev HS, Fall CH, Osmond C, Lakshmy R, Dey Biswas SK, Leary SD,
Reddy KS, Barker DJ, Bhargava SK: Anthropometric indicators of body
composition in young adults: relation to size at birth and serial
measurements of body mass index in childhood in the New Delhi birth
cohort. Am J Clin Nutr 2005, 82:456-466.
31. Rolland-Cachera MF, Deheeger M, Akrout M, Bellisle F: Influence of
macronutrients on adiposity development: a follow up study of nutrition
and growth from 10 months to 8 years of age. Int J Obes Relat Metab
Disord 1995, 19:573-578.
32. Skinner JD, Bounds W, Carruth BR, Morris M, Ziegler P: Predictors of
children’s body mass index: a longitudinal study of diet and growth in
children aged 2-8 y. Int J Obes Relat Metab Disord 2004, 28:476-482.
33. Chivers P, Hands B, Parker H, Beilin L, Kendall G, Bulsara M: Longitudinal
modelling of body mass index from birth to 14 years. Obes Facts 2009,
2:302-310.
34. Chivers P, Hands B, Parker H, Bulsara M, Beilin LJ, Kendall GE, Oddy WH:
Body mass index, adiposity rebound and early feeding in a longitudinal
cohort (Raine Study). Int J Obes (Lond) 2010, 34:1169-1176.
35. Whitaker RC, Pepe MS, Wright JA, Seidel KD, Dietz WH: Early adiposity
rebound and the risk of adult obesity. Pediatrics 1998, 101:E5.
36. Williams S, Davie G, Lam F: Predicting BMI in young adults from
childhood data using two approaches to modelling adiposity rebound.
Int J Obes Relat Metab Disord 1999, 23:348-354.
37. Howe LD, Tilling K, Benfield L, Logue J, Sattar N, Ness AR, Smith GD,
Lawlor DA: Changes in ponderal index and body mass index across
childhood and their associations with fat mass and cardiovascular risk
factors at age 15. PLoS One 2010, 5:e15186.
38. Royston P, Ambler G, Sauerbrei W: The use of fractional polynomials to
model continuous risk variables in epidemiology. Int J Epidemiol 1999,
28:964-974.
39. Buyken AE, Bolzenius K, Karaolis-Danckert N, Gunther AL, Kroke A: Body
composition trajectories into adolescence according to age at pubertal
growth spurt. Am J Hum Biol 2011, 23:216-224.
Pre-publication history
The pre-publication history for this paper can be accessed here:
http://www.biomedcentral.com/1471-2288/12/38/prepub
doi:10.1186/1471-2288-12-38
Cite this article as: Wen et al.: Childhood body mass index trajectories:
modeling, characterizing, pairwise correlations and socio-demographic
predictors of trajectory characteristics. BMC Medical Research Methodology
2012 12:38.
Submit your next manuscript to BioMed Central
and take full advantage of: 
• Convenient online submission
• Thorough peer review
• No space constraints or color ﬁgure charges
• Immediate publication on acceptance
• Inclusion in PubMed, CAS, Scopus and Google Scholar
• Research which is freely available for redistribution
Submit your manuscript at 
www.biomedcentral.com/submit
Wen et al. BMC Medical Research Methodology 2012, 12:38
http://www.biomedcentral.com/1471-2288/12/38
Page 13 of 13